Abstract single-nucleotide polymorphisms (snps) have been used in genomic prediction and shown to increase prediction accuracy and selection responses for economic traits in dairy cattle. the successful report in genomic prediction for improving age at first calving (AFC) and 305-d milk yield (my) in multibreed dairy population is limited. therefore, the objective of this research was to compare estimates of variance components, genetic parameters, and prediction accuracies for Afc and my using a genomic-polygenic model (gpm) and a polygenic model (pm). the Afc and MY records of 9,106 first-lactating multibreed dairy cows, calved between 1991 and 2014, were collected from 1,012 Thai dairy farms. The SNP genotyped individuals were selected from cows that had completed pedigree and phenotypes information. the total genomic dnA samples of 2,661 dairy cattle were genotyped using various GeneSeek Genomic Profiler low-density bead chips (9K, 20K, and 80K). The 2-trait GPM and PM contained herd-year-season and heterosis as fixed effects, and animal additive genetic and residual as random effects. Variance components and genetic parameters were estimated using the procedure of average information-restricted maximum likelihood (AI-REML). Estimates of additive genetic variance components and heritabilities from gpm were higher than pm for Afc and my. correlations between Afc and my were near zero for both models. Mean EBV accuracies were higher for GPM (32.95% for AFC and 38.24% for MY) than for PM (32.65% for AFC, and 32.99% for MY). Mean sire EBV accuracies were higher for GPM (31.35% for AFC and 36.25% for MY) than for PM (28.37% for AFC and 28.80% for my). thus, the gpm should be considered the model of choice to increase accuracy of genetic predictions for Afc and my in the thai multibreed dairy population.
Identification of superior animals for economically important traits with high accuracy is an important factor for successful dairy breeding programs. Best linear unbiased prediction (BLUP) is a powerful method to predict breeding values of individual animals which has been widely applied for genetic selection in dairy breeding programs of many countries. This method originally utilized only pedigree and phenotypic records; hence, prediction accuracy depended on numbers of records and additive relationships among animals in the population. However, the development of dense single nucleotide polymorphism (SNP) chips allowed the utilization of SNP genotypes for genetic prediction (Meuwissen et al., 2001) . Combining genomic SNP information with pedigree and phenotypic information to compute genetic predictions using BLUP showed that it would help increase the accuracy of genetic prediction and selection, and reduce the cost of genetic improvement programs as the cost of genotyping these genomic SNP has been dramatically reduced (Schenkel et al., 2009; VanRaden et al., 2009; De Roos et al., 2011; Wiggans et al., 2011) and genomic selection could potentially lead to a doubling of the rate of genetic gain through selection and breeding from bulls at two years of age rather than at five years of age or later, which could save up to 92% of their cost (Schaeffer, 2006) .
Age at first calving (AFC) and 305-d milk yield (MY) are economically important traits for the dairy cattle business. Thai dairy farmers prefer cows with low AFC and high MY (Koonawootrittriron et al., 2006; Konkruea et al., 2017) . Reliable identification and selection of superior animals for AFC and MY require highly accurate genetic predictions. However, numbers of available phenotypes and pedigree records in Thailand are small and additional yearly phenotype and pedigree records are limited (Dairy Farming Promotion Organization, 2017) . Multiple genomic selection studies have indicated that the size of the reference population needs to be very large to predict genomic EBV with high accuracy and that predictions obtained with a reference population of one breed do not appropriately predict the genomic EBV of these animals in other breeds (Harris et al., 2008; Hayes et al., 2009 a; VanRaden et al., 2009 ). Thus, a multibreed reference population is appropriate to obtain genomic EBV in dairy cattle populations composed of various breeds and crossbred groups, particularly when some of the breeds have limited numbers of genotypes and phenotypes (Hayes et al., 2009 b; Erbe et al., 2012) . Further, utilization of a genomic-polygenic model that combines information from phenotypes, pedigree, and SNP genotypes would be expected to yield higher prediction accuracies for AFC and MY than those from a polygenic model that only uses phenotypes and pedigree in the Thai multibreed dairy population. Thus, the objective of this study was to compare the estimates of variance components, genetic parameters, and prediction accuracies for AFC and MY between a genomic-polygenic model (GPM) and a polygenic model (PM) in the Thai multibreed dairy population.
material and methods

data, traits and animals
The phenotypes of AFC and MY were gathered from 9,106 first-lactation cows which were raised by 1,012 dairy farms and calved between 1991 to 2015. The pedi-gree file contained 17,516 animals (1,331 sires and 16,185 dams). Holstein purebred and crossbred sires and dams were represented as parents in the multibreed population (Koonawootrittriron et al., 2009) . The Thai multibreed population was generated by upgrading various breeds to Holstein. Thus, cows could have up to seven breeds (Brahman, Brown Swiss, Jersey, Red Dane, Sahiwal, Red Sindhi and Thai Native) represented in their genome. However, most animals were over 75% Holstein (mean = 85.97% Holstein; SD = 14.39% Holstein). There were 1,057 Holstein purebred and 274 crossbred Holstein-Other Breeds sires mated to 536 Holstein purebred and 15,649 crossbred Holstein-Other Breeds cows.
The mean (standard deviation) was 30.9 mo (5.6 mo) for AFC, and 4,307 kg (1,083 kg) for MY. The range was from 17 to 50 mo for AFC, and from 1,500 kg and 8,896 kg for MY. Means and standard deviations of AFC and MY in this population were similar to those corresponding values from the previous studies in Thailand. The mean (standard deviation) 31.0 mo (6.2 mo) for AFC, and 4,311 kg (1,079 kg) for MY were reported by the Dairy Farming Promotion Organization of Thailand (DPO, 2017) , and 31.0 mo (5.8 mo) for AFC, and 4,212 kg (1,066 kg) for MY were reported by the Department of Livestock Development (DLD, 2017) .
Blood samples were collected from 2,572 cows and semen samples were collected from 89 sires. All animals had complete pedigree and phenotypic information. Genomic DNA was extracted from individual blood sample using the protocol from MasterPure TM DNA Purification Kit (Epicenter ® , Madison, WI, USA). The Genomic DNA from frozen semen was extracted using GenElute TM Mammalian Genomic DNA Miniprep Kit (Sigma®, Ronkonkoma, NY, USA). Measurement of DNA quality and quantity was done using NanoDrop TM 2000 Spectrophotometer (Thermo Fisher Scientific Inc., Wilmington, DE, USA). DNA samples with an A260/A280 ratio of greater than or equal to 1.8 and a concentration of 1.5 ng/μl were accepted for SNP genotyping. The DNA samples were genotyped using Genomic Profiler (GGP) BeadChip platform with various numbers of SNP probes (GeneSeek, Lincoln, NE, USA). The SNP genotyping was done for GGP9K (n = 1,412), GGP20K (n = 570), GGP26K (n = 540) and GGP80K (n = 139) chips. Genotype imputation was performed from GGP9K, GGP20K, and GGP26K to GGP80K using FImpute (Sargolzaei et al., 2014) and the following steps of Jattawa et al. (2015) . Only SNP markers with minor allele frequencies higher than 0.4 or call rates higher than 0.9 were kept. After quality checks, the final genotypic information, actual SNP and imputed SNP marker, contained 74,144 markers.
climate, feeding and management
Thailand is a tropical country located in Southeast Asia with high temperatures (average temperature 27°C), high relative humidity (average relative humidity 75%), and yearly Southwest and Northwest monsoons (Thai Meteorological Department, 2010) . The months of November to February were defined as Winter (average temperature of 26°C and average relative humidity of 69%), March to June was Summer (average temperature of 29°C and average relative humidity of 72%), and July to October was the Rainy season (average temperature of 28°C and average relative humidity of 80%). Most dairy farms in Thailand are small (less than 10 milking -1 cows) and generally have limited land area and insufficient resources to provide high quality feeding and management conditions at critical times (Rhone et al., 2008; Yaemkong et al., 2010; Gebreyohannes et al., 2013) .
Cows were kept in open barns and fed roughages and concentrates. Roughages were provided by direct grazing or by cut and carry of fresh grass from artificial or natural grasslands (Penisetum purpurium, Brachiaria mutica, and Penicum maximum). Cows were given approximately 1 kg of concentrate (14 to 22% CP, 63 to 83% NFE) per 2 kg of milk during milking times, twice a day (5 am and 3 pm). A mineral supplement was always available. Crop residues (rice straw, sugarcane, and corn stover) or agricultural byproducts (bagasse and cassava pulp) were fed when fresh grass was limited. Cows were bred using artificial insemination all year round. Sires were chosen based on genetic ability for high MY and young AFC among those available at the time of insemination (Konkruea et al., 2017) . Primary reasons for culling of cows were reproduction and general health problems (Koonawootrittriron et al., 2009).
variance components and genetic parameters
An average information restricted maximum likelihood algorithm was used to estimate variance and covariance components with program AIREMLF90 (Tsuruta, 2014) from the BLUPF90 Family Programs (Misztal et al., 2002) . Variance and covariance components were estimated using a 2-trait polygenic model (PM) and a 2-trait genomic-polygenic model (GPM). Fixed effects were contemporary group (herd-yearseason) and heterosis as a function of heterozygosity (probability of having alleles of different breeds in 1 locus over all loci). Random effects were animal additive genetic and residual. The variance-covariance matrix among animal additive genetic effects for the PM was equal to A V a , where A was the additive relationship matrix among all animals, Va was a 2 × 2 matrix of additive genetic variances and covariances between AFC and MY, and was the Kronecker product. The variance-covariance matrix among animal additive genetic effects for GPM was equal to, where H Va was equal to (Legarra et al., 2009): where:
A 11 was the additive relationship submatrix among non-genotyped animals, A 12 was the additive relationship submatrix among non-genotyped and genotyped animals,
A 22 was the inverse of the additive relationship submatrix for genotyped animals, G 22 was the matrix of genomic relationships among genotyped animals ( VanRaden, 2008; Aguilar et al., 2010) .
Matrix H was constructed using the default weight values specified for the BLUPF90 Family of Programs, i.e., tau = 1, alpha = 0.95, beta = 0.05, gamma = 0, delta = 0, and omega = 1. Similarly, matrix G 22 was scaled using the default restriction that requires the mean of the diagonal elements of G 22 to be equal to the mean 
prediction accuracies
The estimated breeding values (EBV) for AFC and MY were computed using PM and GPM. Prediction accuracies for EBV were calculated as:
where:
PEV ij was the prediction error variance, was the additive genetic variance computed with model i, i = PM or GPM for trait j, j = AFC or MY.
Subsequently, EBV accuracies from PM and GPM were compared for sires, dams, and all animals.
EBV accuracies for AFC and MY were divided into three groups: H = high accuracy group (over 70% accuracy), M = medium accuracy group (50 to 70% accuracy), and L = low accuracy group (lower than 50% accuracy).
The changes in mean EBV accuracies from PM to GPM were classified into nine groups: 1) HH = group of animals with high mean PM EBV accuracy and high mean GPM EBV accuracy; 2) HM = group of animals with high mean PM EBV accuracy and medium mean GPM EBV accuracy; 3) HL = group of animals with high mean PM EBV accuracy and low mean GPM EBV accuracy; 4) MH = group of animals with medium mean PM EBV accuracy and high mean GPM EBV accuracy; 5) MM = group of animals with medium mean PM EBV accuracy and medium mean GPM EBV accuracy; 6) ML = group of animals with medium mean PM EBV accuracy and low mean GPM EBV accuracy; 7) LH = group of animals with low mean PM EBV accuracy and high mean GPM EBV accuracy; 8) LM = group of animals with low mean PM EBV accuracy and medium mean GPM EBV accuracy; and 9) LL = group of animals with low mean PM EBV accuracy and low mean GPM EBV accuracy. These changes in mean EBV accuracy were used to identify groups of animals that increased their EBV accuracies from PM to GPM. Table 1 . Although the PM and GPM estimates of the additive genetic variance for AFC were comparable, the GPM estimate of the additive genetic variance for MY was substantially larger than the corresponding PM estimate. The additive genetic covariances were small for both models (negative for GPM and positive for PM). Estimates of GPM environmental variances and covariances were somewhat smaller than PM estimates, but estimates of phenotypic variances and covariances were similar between models. Heritabilities from GPM were higher (AFC = 0.16; MY = 0.25) than those from PM (AFC = 0.15; MY = 0.16). Conversely, genetic, environmental, and phenotypic correlations between AFC and MY were close to zero for both GPM and PM (Table 2). Figure 1 shows the mean EBV accuracies for AFC and MY computed with PM and GPM. Mean EBV accuracies were higher for GPM (32.95% for AFC and 38.24% for MY) than for PM (32.65% for AFC, and 32.99% for MY). Gains in EBV accuracy between PM and GPM were 0.31% for AFC and 5.25% for MY. Figure 1 . Accuracy of estimated breeding values for age at first calving (AFC) and milk yield (MY) using a polygenic model (PM) and a genomic-polygenic model (GPM) Figure 2 shows changes in EBV accuracy for age at first calving (AFC) and milk yield (MY) from PM to GPM. The GPM tended to improve the EBV accuracies of animals primarily in the low PM group (lower than 50% accuracy) and the medium PM group (50 to 70% accuracy). Animals in the PM high EBV accuracy group (over 70%) tended to be in the GPM high EBV accuracy group (HH group) for both traits. Although some EBV accuracies from PM groups were similar to those of GPM groups, there were small increases in EBV accuracies from PM to GPM. The trends for AFC EBV accuracies within groups showed small increases in the LL group (from 30.29% for PM to 30.64% for GPM) and in the MM group (from 53.72% for PM to 53.90% for GPM). Similarly, the trends for MY EBV accuracies showed small increases in the LL group (from 27.00% for PM to 31.57% for GPM) and in the MM group (from 52.99% for PM to 57.53% for GPM).
Accuracy of polygenic and genomic-polygenic ebv
Some animals in the PM low and medium EBV accuracy groups tended to move up to the GPM high EBV accuracy group (LH and MH group) for both traits. The trends for AFC showed large increases in the LH group (from 43.46% for PM to 73.00% for GPM) and in the MH group (from 60.26% for PM to 75.75% for GPM). Similarly, the trends for MY showed large increases in the LH group (from 44.25% for PM to 74.93% for GPM) and the MH group (from 61.29% for PM to 76.47% for GPM).
There were no animals in PM high EBV accuracy that fell into the GPM low EBV accuracy group (HL group) for both traits. However, there were some animals in the PM high and medium EBV accuracy groups that were in the GPM low EBV accuracy group (HM and ML groups) for both traits. EBV accuracies for AFC decreased from 74.30% for PM to 65.11% for GPM in the HM group and from 52.41% for PM to 46.05% for GPM in the ML group. Similarly, EBV accuracies for MY de-creased from 73.42% for PM to 66.97% for GPM in the HM group and from 51.34% for PM to 46.79% for GPM the ML group. *Numbers in brackets are numbers of animals in each group. The numbers of animals with EBV accuracies of 70% and higher was larger with GPM than with PM (Figure 3 ). There were 24 more animals for AFC and 59 more animals for MY with an accuracy of 70% or higher with GPM than with PM. Figure 3 . Number of animals with EBV accuracies of 70% and higher for age at first calving (AFC) and milk yield (MY) using a polygenic model (PM) and a genomic-polygenic model (GPM) Figure 4 shows EBV accuracies for AFC and MY computed with PM and GPM for sires and cows. Mean EBV accuracies for sires were higher for GPM (31.35% for AFC and 36.25% for MY) than for PM (28.37% for AFC and 28.80% for MY). For cows, the mean EBV accuracies for MY computed with GPM (38.41%) were higher than the PM (33.35%), while the mean EBV accuracies for AFC computed with GPM (33.09%) were close to the PM (33.02%). discussion variance components and genetic parameters The higher estimates of additive genetic variances and heritabilities for AFC and MY from GPM than PM indicated that the combined use of genotypes, pedigree, and phenotypes explained higher fractions of additive genetic variances for these traits than with only pedigree and phenotypes (Elzo et al., 2017) . A more precise accountability of additive genetic relationships by GPM than PM may have been partly responsible for these additive genetic variances and heritabilities (Jattawa et al., 2015) .
Heritability estimates for AFC with both models were similar to previous PM estimates in the Thai multibreed population (0.16 for AFC; Koonawootrittriron et al., 2006) . Conversely, although the heritability for MY from PM was lower than previous estimates, the estimate from GPM was comparable to estimates from previous studies using smaller datasets analyzed with either single-trait or multiple-trait models (0.31 ± 0.06 to 0.38 ± 0.10 for MY: Koonawootrittriron et al., 2009; Sarakul et al., 2011; Jattawa et al., 2012) . Thus, genetic improvement for AFC would likely be slower than for MY in this population because AFC is more influenced by environmental conditions. Improved nutrition, management, and health conditions would help cows to more fully express their genetic potential for both traits. In addition, a higher degree of accuracy of phenotypic and pedigree data collection and larger numbers of animals in future years would increase both the size and precision of the genetic evaluation database. These approaches would be expected to increase the accuracy of genetic predictions, improve the identification of superior animals, and increase heritabilities and genetic progress for these traits.
The GPM estimate of heritability for MY (0.25) was within the range of estimates of genomic heritabilities for Holstein cattle from temperate regions (0.23 to 0.30; Gao et al., 2012; Rodríguez-Ramilo et al., 2014; Bauer et al., 2015) . Higher estimates of heritability for AFC and MY with GPM will increase the accuracy of genetic predictions resulting in a more reliable identification of the superior sires and cows in the Thai dairy population. Consequently, higher rates of genetic change for AFC and MY would be expected with GPM than with PM in this population.
Although overall prediction accuracies for AFC and MY were higher for GPM than for PM, there were some animals whose GPM accuracies for these traits were lower than their PM accuracies. This may have occurred because a sizeable number of SNP from GGP80K inaccurately predicted the value of QTL affecting AFC and MY in these animals resulting in GPM EBV of lower accuracy than their corresponding PM EBV. Conversely, animals where SNP from GGP80K accurately predicted QTL affecting AFC and MY had higher accuracies of GPM EBV than PM EBV. While, the animals whose GPM accuracies for AFC and MY were quite higher than their PM accuracies in HH, MH, and LH groups, those are all sires. The gains of accuracy were substantially high because most sires had high number of progeny and other relatives in the population.
The higher EBV accuracies from GPM than PM agreed with reports that genomic evaluations had higher prediction accuracies for MY than polygenic evaluations in dairy cattle (VanRaden et al., 2009; Mulder et al., 2012) . However, the Thai multibreed population had lower gains in accuracy than those reported for Holstein in temperate countries (23% to 32%; De Roos et al., 2009; Schenkel et al., 2009; VanRaden et al., 2009; Wiggans et al., 2011) . A larger number of genotyped animals in a population would yield higher prediction accuracies (Goddard, 2009; VanRaden et al., 2011; Mulder et al., 2012) . Thus, the lower gain in EBV accuracy in this study may have been due to the small number of animals with genotypes (2,661 animals) compared to other studies with Holstein populations (5,335 to 63,615 animals). Accordingly, the accuracy of genomic evaluations in Thailand would be expected to increase as more dairy cattle are genotyped in future years.
The higher increase in EBV accuracy from PM to GPM for MY than for AFC may have been due to a closer association between genotypes in the GeneSeek chips used here with MY than with AFC. Several studies have obtained higher prediction accuracies for MY than for other traits when using genomic information (Moser et al., 2010; Erbe et al., 2012; Karoui et al., 2012; Jattawa et al., 2015) . This may be partly due to the effect of the heritability on the accuracy of genomic predictions (Goddard, 2009; Hayes et al., 2009 a) . Traits with higher heritability will yield EBV of higher accuracy (Moser et al., 2010; Bohlouli et al., 2017) . Thus, the higher increase in EBV accuracy for MY than for AFC was a consequence of the medium GPM heritability estimated for MY and the low GPM heritability estimated for AFC in this population.
The higher EBV accuracies obtained with GPM indicated that genomic information was successful at increasing prediction accuracies in this population beyond the levels achieved with PM. This result agreed with results in other dairy populations (Van Doormaal et al., 2009; Wiggans et al., 2011; Su et al., 2012; Thomasen et al., 2012; Bauer et al., 2014; Přibyl et al., 2014; Bauer et al., 2015; Jattawa et al., 2015) that reported utilization of genomic information in addition to pedigree and phenotypic information generating higher prediction accuracies in dairy populations.
